to the Gram-negative Bacteria protocol, except that cells were collected in 1 mL of sterilized 1 7 4 DDW in a 1.5 ml microcentrifuge tube for the lysis step. For both extraction procedures, the 1 7 5 concentration and purity of DNA was measured using a Thermo Scientific™ NanoDrop™ One C 1 7 6
Spectrophotometer. Library preparation was performed according to the '1D Native barcoding genomic DNA 1 8 0 protocols (EXP-NBD104, EXP-NBD114, and SQK-LSK108 or SQK-LSK109) provided by ONT. Barcoding Expansion Kit EXP-NBD104), followed by another wash step using 1.5 volumes of 1 8 9
AMPure XP beads, and DNA was eluted in 26 μ L nuclease-free water. Equimolar amounts of 1 9 0 barcoded DNA were then pooled into a 1.5 mL microcentrifuge for ligation. Adapter ligation was 1 9 1 performed by mixing the pooled barcoded sample with Adapter Mix (Oxford Nanopore Catalog # M2200S). Ligated DNA was cleaned up by one volume of AMPure XP beads, washed 1 9 5 on a magnetic rack using Long Fragment Buffer (Oxford Nanopore Technologies Ltd.; SQK-1 9 6 LSK109), and eluted with 15 μ L Elution Buffer (Oxford Nanopore Technologies Ltd.; SQK-1 9 7 LSK109). The reads of each metagenome were mapped using minimap2 (Li 2018) with the -x and ava-ont 2 4 6 parameters and then a de novo assembly was performed for each metagenome using the long 2 4 7 reads assembler miniasm with default parameters (Li 2016). The assemblies of each metagenome were used as input to the command-line version of 2 5 0 BLASTN (Camacho et al. 2009 ) against the bacterial tomato pathogens custom database 2 5 1 described above and with the parameter of e-value set to less than or equal to 0.01. The top hit 2 5 2 was determined to be the alignment with the longest length for each contig. The longest two contigs in each metagenome were used as input to LINbase at linbase.org 2 5 5 (Tian et al. 2019) with the function "Identify using a genome sequence" to identify the pathogens 2 5 6 at the strain level. Read-based pathogen identification after single-strain inoculation in the laboratory 2 6 1 Tomato plants inoculated with Pto isolate K40 (strain T1) in the laboratory showed bacterial 2 6 2 speck symptoms four days after inoculation ( Figure 1A ), at which time DNA was extracted. The quantity and quality of the extracted DNA is listed in run was completed using the guppy software. The base-called reads had a total length of 2 6 7 approximately 4.2 Gigabases (Gbp) with the longest read measuring 66,000 bp (see more 2 6 8 details about reads in Table 1 ).
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The base-called reads were used as input to WIMP, which classified 89% of reads as of 2 7 0 bacterial origin. Of these reads, WIMP identified 77.47% as P. syringae genomospecies 3, a 2 7 1 genome similarity group of which Pto is a member. This genome similarity group was never 2 7 2 validly published as a named species and is thus referred to with the number 3 instead of a taxon as P. syringae genomospecies 3. The next most abundant species were identified as P. syringae (9.39%), P. cerasi (2.09%), and P. savastanoi (1.60%). Figure 2 shows a screenshot of 2 7 6 the WIMP result. The composition analysis is shown in Figure 3A (see Supplementary Table 2   2  7  7 for all relative abundance values for all composition analyses shown in Figure 3 and 4). Next, the reads were used as input for composition analysis using Sourmash (Brown next most abundant species (14.41% and 4.17%, respectively). All other species were found at 2 8 4 a relative abundance of 2% or below. Therefore, WIMP, MetaMaps, and Sourmash all correctly 2 8 5 identified the pathogen used in the inoculation as a member of P. syringae genomospecies 3.
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Supplementary Table 3 reports the run times for the three tools for this sample. In an attempt to reach strain level resolution (not that WIMP is limited to species-level 2 8 8 identification), we built Sourmash and MetaMaps custom reference libraries consisting of 2 8 9 genome sequences of representative bacterial tomato pathogen isolates and closely related 2 9 0 isolates that do not cause disease on tomato. The libraries included multiple isolates of the Pto 2 9 1 strains DC3000 and T1 ( Supplementary Table 2 ). When using these custom libraries, Sourmash 2 9 2 identified 71.64% of the sequences in the sample as Pto isolate T1 (the isolate after which strain 2 9 3 T1 is named) and the remaining sequences as other P. syringae isolates that are not pathogens 2 9 4 of tomato (Table 2 ). Only 0.9% of the sequences were misidentified as Pto DC3000. MetaMaps in combination with the same custom library identified 70.93% as Pto isolate T1, 15.90% as Pto 2 9 6 isolate NCPPB1108 (another isolate belonging to strain T1), and 7.81% as Pto isolate DC3000. Therefore, both Sourmash and MetaMaps identified most of the reads correctly as an isolate 2 9 8 belonging to Pto strain T1 but Metamaps misidentified many more reads as Pto strain DC300 Read-based pathogen identification after multi-strain inoculation in the laboratory 3 0 2
Next, we wanted to test the bioinformatics pipelines established with the single-strain inoculation 3 0 3 by using a mixed inoculum consisting of the Pto isolate K40 (strain T1) and the Pto isolate Psy B728a and the non-pathogenic isolate Psy 642. DNA was again extracted on day four after 3 0 7 inoculation and sequenced on an entire flow cell. All details for this sample (called L-mix) are 3 0 8 listed in Table 1 . Approximately 1 million reads of a total length of 4.2 Gbp were obtained with 3 0 9 the longest read measuring 67,000 bp. Since this time 100% of reads were base-called, the 3 1 0 number of base-called reads and the total length of reads were very similar to the single strain The caveat with this sample is that we did not know the relative abundance of the 4 3 1 3 isolates in the sample. However, since Pto isolates T1 and DC3000 are tomato pathogens while 3 1 4
Psy isolates B728a and 642 are not, we expected that most sequences would be identified Sourmash and MetaMaps showed the same trend as with the single strain inoculation sample:
Sourmash found a lower relative abundance of P. syringae genomospecies 3 (43.24%) 3 2 0 compared to WIMP and MetaMaps found a higher relative abundance compared to WIMP 3 2 1 (91.09%) ( Figure 3B ). Since both Psy isolates used in the inoculation belong to the species P. syringae, we marginally from 9.38% to 10.01% and from 4.17% to 5.39%, respectively ( Figure 3B ). We then used the custom reference libraries of representative tomato pathogens to see if Sourmash and MetaMaps could distinguish isolate K40 (of strain T1) from isolate DC3000 (of 3 2 9 strain DC3000). Sourmash did identify isolate T1 of strain T1 at a relative abundance of 65.98% which was probably also the reason for the low DNA concentration. WIMP, Sourmash, and 3 5 6
Metamaps provided very different results for this sample ( Figure 3D ). Importantly, as expected 3 5 7 from a non-inoculated plant, none of the reads were identified by either of the three tools as P. Read-based pathogen identification in naturally infected tomato field samples 3 6 1
After obtaining promising results in regard to strain-level identification with laboratory samples, 3 6 2 we used DNA extracted from tomato field samples that were collected on the Eastern Shore of Virginia to test our pipelines with naturally infected plants (Table 1) . The samples came from 3 6 4 tomato plants that either showed symptoms of bacterial spot (samples F1-bs, F2-bs, F4-bs, F7-3 6 5 bs, F8-bs; see Figure 1B ), symptoms of the fungal disease Septoria leaf spot (sample F5-
Septoria) or no signs of any disease (F6-healthy). We also obtained one sample (F3-bs) with 3 6 7 symptoms of bacterial spot but colonies that had been obtained from culturing bacteria from this 3 6 8 plant had been found to be a mixture of colonies identified as either Pseudomonas or Xanthomonas.
DNA from all tomato field samples were barcoded and sequenced together with other samples by multiplexing them on the same flow cell. Therefore, the number of reads (between 3 7 2 35,923 for samples F6-healthy and 137,497 for F1-bs) and total read length (between 66 3 7 3 megabases (Mb) for F6-healthy and 588 Mb for F1-bs) for these samples were much lower 3 7 4 compared to the laboratory samples (Table 1 ).
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Detailed results for all samples are reported in Figure 4 . Similarly to the lab-inoculated 3 7 6 samples, the majority of reads in the field samples that had symptoms of bacterial disease were 3 7 7 classified as bacteria by WIMP (between 78 and 81%). Importantly, WIMP and Sourmash agreed that X. perforans was the species with the highest relative abundance in these samples 3 7 9
(between 25.82% and 56.44% for WIMP and between 18.51 and 66.01% for Sourmash) 3 8 0
suggesting that X. perforans was the causative agent. Sample F3-bs, which had a mixed Sourmash to still be dominated by X. perforans (21.98% and 19.55% respectively) followed by In contrast to the results from WIMP and Sourmash, MetaMaps identified X. abundance in all samples with bacterial spot symptoms. This is because X. perforans was 3 8 9 missing from the MetaMaps reference library. Interestingly, even the non-symptomatic tomato sample (F6-healthy) was found to 3 9 1 include X. perforans as the species with the highest relative abundance based on WIMP and 3 9 2 Sourmash. However, the relative abundance values were lower (6.89% and 18.54%, 3 9 3 respectively). This suggests that this plant might have been infected with X. perforans but was 3 9 4 asymptomatic because of lower bacterial titer. This non-symptomatic sample also included a 3 9 5 number of species at relatively high abundance that were rarely found in the samples with 3 9 6 bacterial spot symptoms, for example, P. oleovorans, Sphingomonas parapaucimobilis,
Microbacterium sp. Leaf203, and Methylobacterium populi. The sample with Septoria leaf spot symptoms (F5-Septoria), probably infected by the Interestingly, isolates TB9, TB15, and Xp9-5 are all members of the same intraspecific group, X. 4 0 9 perforans group 2, based on core genome phylogeny (Schwartz et al. 2015) , suggesting that the 4 1 0 X. perforans strain infecting the tomatoes with bacterial spot symptoms on the Eastern Shore of 4 1 1
Virginia was also a member of X. perforans group 2. For sample F8-bs, we also isolated Xanthomonas bacteria to compare the results from the 4 1 3 culture-independent read-based metagenomic approach with a culture-dependent genomic 4 1 4 approach. DNA was extracted from two colonies and sequenced using Illumina HiSeq. The two 4 1 5 genome sequences were assembled into 87 and 86 contigs, respectively, with a total length of 4 1 6 5,340,265 bp and 5,339,287 bp. We used the LINbase Web service for genome-based microbial 4 1 7 identification and found isolate GEV1063 to be the best match for both genomes with 99.98% 4 1 8 ANI and both genomes were identified by LINbase as members of X. perforans group 2, which 4 1 9 is circumscribed in LINbase as an intraspecific taxon. Therefore, the culture-dependent 4 2 0 genome-based identification confirmed the culture-independent read-based strain-level 4 2 1 identification of X. perforans group 2 as the causative agent in sample F8-bs. In parallel to the read-based pipelines described above, we also assembled each metagenomic 4 2 5 sample using all reads that had a minimum length of 1,000 bp and that were identified by WIMP 4 2 6 as bacterial. The results are summarized in Table 3 . The non-inoculated tomato sample from and 9) with the shortest total length of contigs (between 21,390 bp and 122,956 bp). This was 4 3 0 probably a result of the low number of bacterial reads in these samples (Table 1) .
The samples with symptoms of either bacterial speck or bacterial spot had a wide range plant to strain level, we focused on the longest contigs in each sample since these contigs were 4 3 5 the most likely to be of the causative pathogenic agents. It was very promising to see that in 4 3 6 some of the symptomatic samples the longest contig was of a size similar to an entire bacterial 4 3 7 genome, for example, 6.08Mbp in the tomato lab sample inoculated with Pto isolate K40 (L-4 3 8 K40), and 5.03Mbp for the field sample F7-bs showing bacterial spot symptoms (Table 3) . We To obtain a preliminary identification of all contigs we used BLASTN (Camacho et al. To attempt identification of the longest contigs to strain level, we used these contigs as Table 4 lists the results that were obtained for the longest two contigs (separately isolate K40 (of Pto strain T1), the Pto strain T1 isolate BAV1020 was the best hit but only with 4 5 3 an ANI of 92.76% compared to the query sequence. However, based on a direct genome 4 5 4 sequence comparison, the two genomes are over 99.75% identical to each other. Since we 4 5 5 know that isolate K40 was used as inoculum, the discrepancy between the two ANI value is For the tomato plant inoculated with the four-strain mix, the longest contig was again 4 5 8 identified as Pto strain T1 based on the best hit to Pto isolate T1 with an ANI value of 92.73%.
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No contig of significant length was identified as Pto isolate DC3000. Since the genomes of Pto For the longest contigs in the tomato field samples that showed bacterial spot 4 6 5 symptoms, different isolates of X. perforans were the best hits: Xp8-16, Xp10-13, GEV1063, 4 6 6 and GEV2116 (Table 4) and are thus in line with the read-based results described above. Only the second-longest 2015), was the best hit for these contigs. Since for sample F8-bs we also had the genome sequences of the two cultured isolates were isolates of X. perforans group 2, the ANI between the longest contig of F8-bs and the most the isolated colonies and their most similar genome in LINbase was 99.98%. As with the lab- the MinION TM and was the reason we could not directly identify the causative agent as a 4 8 0 member of X. perforans group 2. directly extracted from symptomatic plants and analyzing the obtained sequences with a set of 4 9 0 different tools and databases. However, we neither attempted to maximize sensitivity of 4 9 1 detection nor to minimize the time necessary for identification. goal instead was to develop an experimental and bioinformatics pipeline that can be used for The first critical step in metagenomic-based pathogen identification is DNA extraction. from water used to wash the plant (after sonication to help dislocate the pathogen from the 5 0 5 tissue). The first approach has the advantage that large quantities of high-quality DNA can be 5 0 6 extracted. The obvious disadvantage is that a large fraction of the extracted DNA is plant DNA.
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The second approach is the approach we decided to use since it is widely used for plant 5 0 8 1 1 microbiome analysis, for example (Ottesen et al. 2013 ). Based on the results from our DNA 5 0 9 sequence analysis, this approach allowed us to obtain DNA that was over 80% of bacterial 5 1 0 origin for the naturally infected tomato field samples and over 90% of bacterial origin for the 5 1 1 artificially inoculated tomato plants grown in the laboratory. This value was as high as the 5 1 2 fraction of bacterial DNA when extracting DNA directly from a bacterial culture. Therefore, we 5 1 3 conclude that for metagenome-based identification of bacterial foliar pathogens in symptomatic 5 1 4 plant tissue extracting DNA from wash water after sonication is an excellent solution.
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Importantly, even the wash water of our healthy field sample still contained 30% of bacterial 5 1 6 DNA, making this approach possibly still a good choice even for asymptomatic leaves with 5 1 7 relatively low bacterial titers.
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Because in this project we were not interested in speed, we used the slower, higher yielding DNA sequencing library preparation protocol, as suggested by ONT, without significant 5 2 0 modifications. Also for the sequencing protocol itself, we followed ONT's instructions without 5 2 1 modifications. The first critical step after sequencing the DNA, is base-calling, which is the 5 2 2 process of translating the raw electrical signals measured by the MinION TM into nucleotide 5 2 3 sequences. Since base-calling is computationally intensive and takes longer than sequencing 5 2 4 itself, base-calling needed to be completed after the sequencing runs themselves were 5 2 5
completed. We used the ONT Guppy base-calling tool without any polishing.
2 6
The actual assignment of sequencing reads to specific bacterial species and strains was 5 2 7 done using a total of five tools: 1. ONT's WIMP software with graphical user interface, which is taxonomy to the reads coming from the sequencing base calling in real-time, 2. the command- For species-level identification, the three read-based tools performed similarly well with run, WIMP needs to be re-run when base-calling is completed after a run ends in order to 5 5 0 analyze all data. This took over 36 hours for our largest sample, L-K40 (Supplementary Table   5 5 1 3). The advantage is that users do not need any significant local computing resources to do this high-performance computing system. Therefore, Sourmash is significantly faster than 5 5 6
MetaMaps and WIMP but still requires significant computing resources.
7
In regard to ease of use, WIMP cannot be beaten because of its intuitive graphical user Sourmash more user-friendly compared to MetaMaps, which requires NCBI taxIDs (or creation 5 6 2 of custom taxIDs) for all genomes in custom reference libraries.
6 3
Assembling reads into contigs before identification did not provide any advantages for 5 6 4 species-level identification since species-level identification was successful with read-based 5 6 5 tools and read-based identification is generally faster since it does not require prior assembly of 5 6 6 reads into contigs. However, this advantage of speed may diminish with an increasing number 5 6 7 of reads since mapping of a smaller number of assembled contigs might be faster than mapping 5 6 8 a large number of reads individually.
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For strain-level identification, WIMP cannot be used since it only reaches species-level strain Pto DC3000 compared to strain Pto T1. For field sample F8-bs for which we had also a identified the same best hit in the custom database that was also a member of X. perforans 5 7 7 group 2. Therefore, we conclude that Sourmash and MetaMaps did equally well in regard to 5 7 8 strain accuracy. In regard to run time, Sourmash's run time increased to 1-3 hours when using a The challenge when using either Sourmash or MetaMaps for strain-level identification is 5 8 4 that we had to interpret the results based on prior knowledge of which isolates in our custom MetaMaps in our custom database as members of X. perforans group 2. Moreover, a best 5 8 8 match with an isolate that belongs to a certain strain, or any other group or taxon for that matter, still does not necessarily mean that the query is a member of the same group as well. To make 5 9 0 such a conclusion, it is necessary to determine (1) the genomic breadth of the group, for 5 9 1 example, 99.75% for X. perforans group 2, and (2) the genomic distance of the query to a 5 9 2 representative member of that group with this distance needing to be smaller than the genomic 5 9 3 breadth of the group. Alternatively, a phylogenetic analysis could be performed to determine if 5 9 4 the unknown is a member of the clade that corresponds to the specific group. Because species 5 9 5 have a standard genomic breadth of 95% ANI, WIMP, Sourmash, and Metamaps can infer 5 9 6 species membership from metagenomic reads relatively easily. However, strains (and any other 5 9 7 group smaller than a species) do not have a standard ANI breadth. Therefore, Sourmash and 5 9 8
MetaMaps would need to be given genomic circumscriptions of strains as part of the reference 5 9 9
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